Purpose: To review features used in MRI radiomics of breast cancer and study the inter-reader stability of the features. Methods: We implemented 529 algorithmic features that can be extracted from tumor and fibroglandular tissue (FGT) in breast MRIs. The features were identified based on a review of the existing literature with consideration of their usage, prognostic ability, and uniqueness. The set was then extended so that it comprehensively describes breast cancer imaging characteristics. The features were classified into 10 groups based on the type of data used to extract them and the type of calculation being performed. For the assessment of inter-reader variability, four fellowship-trained readers annotated tumors on preoperative dynamic contrast-enhanced MRIs for 50 breast cancer patients. Based on the annotations, an algorithm automatically segmented the image and extracted all features resulting in one set of features for each reader. For a given feature, the inter-reader stability was defined as the intraclass correlation coefficient (ICC) computed using the feature values obtained through all readers for all cases. Results: The average inter-reader stability for all features was 0.8474 (95% CI: 0.8068-0.8858). The mean inter-reader stability was lower for tumor-based features (0.6348, 95% CI: 0.5391-0.7257) than FGT-based features (0.9984, 95% CI: 0.9970-0.9992). The feature group with the highest interreader stability quantifies breast and FGT volume. The feature group with the lowest inter-reader stability quantifies variations in tumor enhancement. Conclusions: Breast MRI radiomics features widely vary in terms of their stability in the presence of inter-reader variability. Appropriate measures need to be taken for reducing this variability in tumor-based radiomics.
INTRODUCTION
Dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) is often acquired for breast cancer patients as it offers additional information to guide treatment. 1, 2 In comparison to mammography and ultrasound, it also expresses superior sensitivity for detection of additional or residual disease. [1] [2] [3] [4] Recently, computer algorithms have been applied to automatically extract large numbers of quantitative features that thoroughly describe various characteristics of tumors and their surroundings. These features have been applied to the determination of patient diagnosis, 5, 6 prognosis of outcomes, [7] [8] [9] [10] and for their association with genomics. [11] [12] [13] [14] These analyses are currently referred to as radiomics 15 and radiogenomics. 16 For imaging features related to breast cancer MRI, recent years have witnessed an ever-growing literature on feature extraction methodologies, potential usage of features in clinical context, and on uniqueness of the information offered by a particular feature. These features have been typically developed using different datasets, across different institutions with varying image preprocessing techniques. A few examples of this diversity are Refs. [9, 10, 12, [17] [18] [19] . Also, different features may capture similar information despite having technically different definitions for extraction. Most research groups use a relatively small subset of all features available in the literature. This necessitates the evaluation of the interrelation of these features in a uniform experimental setting.
In breast cancer MRI radiomics, the feature extraction process typically requires an annotation of the tumor by a radiologist 9, [20] [21] [22] [23] [24] making the tumor segmentation process either completely manual or semiautomatic. It is well established that radiologists vary in their annotation of medical images and particularly in annotation of tumors in breast MRIs. 25, 26 Difference in reader's annotation can introduce differences in the tumor masks (a binary image specifying the location and extent of the tumor), which would cause radiologist-specific tumor and fibroglandular tissue (FGT) masks to be nonidentical. This will cause features (extracted using tumor and/or FGT) to be different for different readers. Thus interreader variability affects the values of different semiautomatic features that are extracted from tumor and FGT of the breast. What is not known is the extent to which different features are affected by the inter-reader variability. This issue is of utmost importance, since it could significantly affect the generalizability of the presented results and predictive models between institutions and in turn could be detrimental to the implementation of radiomics models in clinics.
While inter-reader variability (also known as interobserver variability) has been studied in the general context of medical imaging, little work is available on its impact in the rapidly growing field of radiomics. To our knowledge, this is the first study of impact of interobserver variability in breast MRI radiomics. There are only two prior studies 25, 27 showing the impact of interobserver variability on one feature implemented in their respective groups. In this study, we address this issue thoroughly by evaluating a very large set of radiomics features (529) developed by different groups working on radiomics including ours. We categorized the features based on the information used to calculate them as well as the type of calculation performed to provide an additional clarity to the field.
MATERIALS AND METHODS

2.A. Patient population
In this institutional review board-approved study, we randomly selected a subset of 50 invasive breast cancer patients that had preoperative MRI available from September 2007 to June 2009, exactly one biopsy proven cancer, and a supporting pathology report having the corresponding clock position of the biopsied tumor. The selected patients did not have history of breast cancer or elective breast surgery prior to MRI, and were not undergoing breast cancer treatment at the time of the MRI. The sample size of 50 is chosen such that it allows us to draw statistical conclusion and save the radiologists' time effort.
2.B. Imaging data and image annotation
The breast MRIs were axial and were acquired by 1.5 T or 3.0 T scanners in the prone position. For all the cases included in our experiments, the following MRI sequences were available: a fat-saturated gradient echo T1-weighted precontrast sequence, typically with four postcontrast T1-weighted sequences acquired after the IV administration of contrast agent (using a weight-based protocol of 0.2 mL/kg), and a nonfat-saturated T1-weighted sequence. For the fat-saturated MR sequences, the repetition time varied between 3.9 and 6.4 ms, echo time varied between 1.4 and 2.5 ms, and slice thickness was 1.1 or 2 mm. The distribution of patients for different scanners and contrast agents is shown in Table I .
The images were annotated by four fellowship-trained breast imagers (6 months-22 yr of postfellowship experience). Using a graphical user interface developed in our laboratory, the following data was displayed to the reader: (a) the precontrast sequence, (b) the first postcontrast sequence, (c) the subtracted sequence (computed by subtracting the precontrast from the first postcontrast sequence), and (d) the clock face location of the biopsied tumor. For all cases, the readers annotated the tumor using a bounding box on a slice, and indicated the starting and ending slices for the extent of the box. Each reader annotated all cases in a single session in a location which had an ambience mimicking a clinical reading room.
2.C. Image segmentation
Using a reader's annotation, we applied a fuzzy C-means automatic segmentation to obtain the tumor mask. For each patient and individual reader combination, two different FGT masks were extracted based on two different sequences because some techniques in the literature use a T1-nonfatsaturated sequence while others use a fat-saturated sequence. 28 The first FGT mask was automatically extracted from the N4-corrected 29 T1-nonfat-saturated (T1-NFS) images using the following steps: (a) segmentation of breast from the chest cavity to obtain breast mask, 9 (b) segmentation of FGT using fuzzy C-means clustering, 30 (c) registration of the extracted mask to the DCE-MRI sequence, and (d) removal of any part of the segmented FGT that overlapped with segmented tumor to extract the final FGT (excluding the tumor) only. The second mask was extracted from the first T1-fat-saturated postcontrast (PostCon) sequence by (a) registration of the breast mask extracted from T1-NFS to PostCon (b) FGT segmentation, and (c) removal of any part of the segmented FGT that overlapped with the corresponding segmented tumor to extract the final FGT (excluding the tumor) only. Thus for each patient and reader combination, we have a unique set of masks for DCE-MRI: (a) breast mask (registered), (b) tumor mask, (c) FGT mask from T1-NFS, and (d) FGT mask from PostCon. Note that, all of these preprocessing steps are automatic, and success of each step is required for the final extraction of features. We excluded one case from feature extraction, as it failed in one of these steps.
2.D. Selection and organization of imaging features
For this study and subsequent evaluation, a set of breast cancer radiomics features needed to be selected as there are a vast number of features existing in literature. We categorized the features by exploring their sources and the type of information they represent. For each category, we selected features from the existing literature, made amendments to their definitions to suit our study (when required), and added features to a category (when necessary) to leverage the use of the avalanche of information carried in breast MRI. The process of selection, categorization, and appending new features was iterative in nature.
Radiomic and radiogenomic feature extraction requires the use of breast masks, FGT masks, and tumor masks. There are some features, which require the masks only and not the intensity values of the MRI sequences for feature extraction. Hence, we divide the set of features based on the sequence dependence after mask extraction. Breast and FGT volume features (breast volume, FGT volume, and FGT density 31, 32 ) along with some general features of tumor size and morphology 11, [33] [34] [35] belong to this category and are not affected by the intensity values of the sequences.
All other features use postcontrast sequences or a subset of postcontrast sequences (along with the optional use of the precontrast sequence) and therefore are called the enhancement and kinetic features. In the literature, the tumor enhancementrelated features have found significant importance due to their relationships to diagnosis, prognosis of outcomes, and genomic characteristics. These features include different types of characterization of tumor enhancement. Here, we have volumetric and mean enhancement features computed by grouping tumor voxels according to the enhancement time point 24 and voxel-wise enhancement values to form signal enhancement ratio (SER) maps, and peak enhancement (PE) maps. 36 Other features compute different measures of dispersions from these aforementioned groups and maps and fall in the distinct category of tumor enhancement variation. Tumor enhancement variation is also captured by the features that compute different properties of the tumor uptake curves. 18, 37, 38 Interestingly, these features of tumor enhancement variation do not use the spatial relationship of the tumor voxels.
The features of tumor enhancement that use the spatial relationship between voxels are categorized in either of two groups: (a) tumor enhancement texture features or (b) tumor enhancement spatial heterogeneity features. The texture features 19 are commonly used in tumor radiomics/ radiogenomics to compute the spatial relationships between the enhancement patterns of the tumor. In our set of features, these texture features 39 are computed from the first postcontrast, PE, SER rate maps, and washing rate maps. Other texture features related to discrete Fourier transform (DFT), 5 dynamic local binary patterns (DLBP), and dynamic histogram of oriented gradients (DHOG) 40 are also included. Furthermore, spatial relationships of tumor enhancement variation along the tumor margin are also included in this group. 18 While the texture features that we included are indicative of spatial variations in enhancement in general, we have included four features of spatial heterogeneity of enhancement computed using global Moran's I 41 and clustering enhancements.
In our study, we extracted features related to the proportion of enhanced FGT. 42 These features convey information about background parenchymal enhancement (BPE). As several recent studies 17, [43] [44] [45] have indicated the potential effectiveness of FGT enhancement-based biomarkers in prognosis and outcomes, we have assigned substantial importance to the FGTbased features. Several FGT enhancement texture and FGT enhancement variation features are computed, using one of the FGT masks at a time. Some of these features are inspired by corresponding features that are computed using tumor masks only. Another set of features that combines both tumor and FGT enhancement dynamics 12, 13 was also included in our feature set. Finally, we had 529 features grouped into 10 categories. Figure 1 shows the groups and the number of features belonging to each of the groups.
The number of features based on FGT is higher because they were extracted from the two types of FGT masks. The complete list of all features that we extracted, along with the related references and modifications, can be found in the Appendix (Supplementary Material A) of our previous study. 46 Some of these features were based on the algorithms proposed by our group. A majority of the features extraction algorithms were proposed by other researchers. These features were reimplemented in-house in Matlab 2016b (The Mathworks, Natick, MA).
2.E. Analysis of inter-reader stability
For four readers' annotations, four sets of the selected features were obtained for comparison. In the first step, we analyzed each feature by defining a measure of its inter-reader stability. In the second step of our analysis, we quantified how the correlations (Pearson's linear correlation coefficient) of the feature groups changed due to the variability between readers. In the third step, we quantified how pairwise reader variability translated to the variability of the feature groups.
2.E.1. Measuring inter-reader stability of features
As studies in literature use intraclass correlation (ICC) for the evaluation of stability/reliability/reproducibility of features, [47] [48] [49] [50] we have evaluated the ICC(3,1) (consistency of the reader by two-way model using the irr package in R 51 ) values for the each of the 529 features. Please note that inter-reader stability and inter-reader variability are inversely related. Higher inter-reader stability (computed in terms of ICC) of a feature implies that the effect of inter-reader variability on the feature is low.
2.E.2. Inter-relationships within the feature groups
We computed the Pearson's linear correlation coefficient (PLCC) between all pairs of 529 features corresponding to the same reader. Then according to the grouping, the average intergroup and intragroup PLCC values were computed. This was repeated for all readers to visualize the change in inter-relation of the features groups caused by the reader variability.
2.E.3. Effect of pairwise reader variability on feature stability
To evaluate how the pairwise inter-reader variability affected the feature stability, we calculated the average Dice similarity coefficients between each pair of readers' 3D annotation (bounding boxes) and the average ICC values for each feature group for a pair of readers.
RESULTS
The inter-reader stability for each feature is shown in Fig. 2 . The bars in the figure indicate the value of ICC. Under each individual group, the features are organized in increasing order of inter-reader stability.
Please refer to the Supporting information of this paper for the stability values related to individual features. The effect of reader variability on different feature groups were assessed by the inter-reader stability values of the individual features included in the respective feature groups. We considered an inter-reader stability (ICC) value greater than 0.9 as highly stable features, similar to the work investigating inter-reader stability of diffusion weighted breast MRI. 48 However, the same work did not specify any lower limit of ICC for identifying features with low stability. Therefore, based on the studies, 52, 53 features with stability values less than 0.7 are considered having low stability. Among the tumor features, we found a set of highly stable features related to different groups. Among the size and morphological features, tumor volume was highly stable. Several features of tumor enhancement related to grouping of the tumor based on washin maps, washout maps, peak enhancement, SER maps, and tumor uptake demonstrated high interreader stability. However, not every feature related to these maps or groups had high stability. Approximately, 10% of the tumor features are highly stable. Inter-reader stability values of less than 0.7 were obtained for about 54% of the tumor-based features. For the FGT-based features, the minimum inter-reader stability is 0.94, and therefore, all FGTrelated features are highly stable.
An average inter-reader stability for all features of 0.8474 (95% CI: 0.8068-0.8858) was obtained for all features. The mean inter-reader stability was lower for tumor-based features (0.6348, 95% CI: 0.5391-0.7257) than FGT-based features (0.9984, 95% CI: 0.9970-0.9992). The average ICC values and 95% confidence intervals of 10 feature groups are shown in Table II . When computed for a single scanner (Signa HDx, GE Medical systems, n = 38), a slight improvement was obtained for inter-reader stability of tumor-based features (0.6456, 95% CI: 0.5498-0.7411) and all features (0.8528, 95% CI: 0.8127-0.8924), whereas minor decrease was obtained for FGT-based features (0.9979, 95% CI: 0.9959-0.9990).
The median and variation of inter-reader stability of each feature in each group is shown in Fig. 3 . We find that in general, groups related to tumor-based features have lower interreader stability and more variation compared to groups related to FGT-based features. The feature group that combines features from tumor and FGT enhancements had a median inter-reader stability value in between that of the only tumor-and only FGT-based feature groups with 50% highly stable and almost 6% with lower stability.
The groupwise inter-relation of features using PLCC is shown in Fig. 4 . As we see in the within group, the interrelation does not change significantly (maximum standard deviation 0.05) between readers. Within four readers, the intergroup PLCC varies most for tumor enhancement spatial heterogeneity features (standard deviation: 5.3%), followed by combining tumor and FGT enhancement (standard deviation: 4.4%), and tumor size and morphology (standard deviation: 2.7%). The average variation of PLCC for all pairs of feature groups is less than 1.5%. All features groups (with the exception of tumor enhancement texture) had higher intragroup PLCC values than all intergroup PLCC values. Thus, features belonging to a group are more correlated with each other than with features from other groups for all readers.
The effect of the pairwise reader variability on the pairwise ICC is shown in Table III . The reader pair (reader 1 vs reader 3) that had highest similarity in the bounding boxes in terms of DICE similarity coefficient showed the highest mean ICC across all feature groups. All but one feature group had highest stability for this reader pair. This demonstrates that the inter-rater variability in annotation directly translates into differences in extracted features. Across all feature groups, lowest mean ICC was obtained for the reader pair (reader 2 vs reader 4) with the lowest similarity in annotation. Half of the tumor-related feature groups showed lowest stability for this reader pair and the mean ICC across all feature groups was also lowest for this pair.
DISCUSSION
In this study, we assembled a set of breast MRI radiomics and radiogenomics features from the existing literature, applied necessary modifications and extensions to build a set of features that captured a representative part of breast cancer characteristics, and categorized them. This analysis allowed us to identify aspects of computer vision-based analysis of breast MR images that have been more thoroughly covered such as tumor enhancement and those that were less explored such as features related to spatial heterogeneity in tumor enhancement and features based on the combination of tumor and FGT enhancement. These two areas may benefit from additional analysis and development of new features. Our feature selection procedure aimed at gathering features that were previously found effective for diagnosis, outcomes prediction, and radiogenomics. It is possible that we did not include features that were previously presented in the literature and did not demonstrate prognostic power in the dataset in which they were studied. Our goal was directed toward forming a comprehensive set of promising features for breast cancer MRI and to evaluate their stability in the presence of inter-reader variability. Evaluation of effectiveness of these features in clinical context on any independent dataset is an open problem. Once that evaluation is made, the interreader variability can help in highlighting features that have higher stability and higher applicability in clinical context in order to form a stable set of breast MRI radiomics and radiogenomics features.
We found that FGT-related features have significantly higher stability in the presence of inter-reader variability as opposed to tumor-based features. The main reason for this is that the FGT mask is not highly affected by the reader's annotation of the tumor. Typically, the volume of the FGT is significantly higher than that of the tumor. The proportion of change in FGT mask (which considers FGT by removing the tumor mask-related voxels) is much lower than that in tumor mask for different readers. Hence, the features related to FGT mask can endure changes due to inter-reader variability in tumor mask in a better manner. However, tumor features are more likely to be important clinically. Therefore, it is important to reduce inter-reader variability in the tumor radiomics. One of the ways to do this is by streamlining the process of annotations with precise instructions such that the inter-reader variability can be minimized. In our earlier study, 25 we demonstrated that the agreement between readers is increased when automatic tumor segmentation is applied (change of average Dice coefficient from 0.60 to 0.77). Please note that the resulting moderate level of stability (0.77) can have different effect on stability of features. Those that are not strongly affected by tumor segmentation such as overall intensity features will not show high variability due to interreader variability. On the other hand, those that are strongly affected by a changing mask such as shape features of the tumor will show high variability.
In this study, we concluded that average inter-reader variability of semiautomatic imaging features for breast cancer MRI radiomics/radiogenomics is moderate. While this interreader variability can potentially be reduced with improved and precise annotation instructions, and by providing more contextual data to the readers, it remains an issue that should be carefully considered in radiomics and radiogenomics studies as it could affect generalizability of the results. These imaging features are extracted with the common goal of representing certain aspects of the disease under study. If a feature is significantly susceptible to subjective bias, its potential usage as a stable clinical biomarker becomes questionable. Therefore, assessing and reducing the effect of subjective bias for semiautomatic imaging biomarker is vital.
We carried our study on a set of 50 randomly selected patients. Increasing the number of patients might be beneficial for a better analysis of inter-reader variability, although this dataset can be considered sufficient for the type of analysis conducted in this paper based on the following : (a) This set of patients has been used in our earlier analysis 25 and shown to have tumors of various characteristics (e.g., mass enhancements, nonmass enhancements, hematoma, multiple tumor masses in similar clock positions). (b) The tumor characteristics caused readers to vary in tumor annotation. As concluded in the study, 54 the quality of represented information should determine the sample size, the reader variability was captured through the set of 50 patients. (c) As an additional clarification, the study 55 developed a method for computing the sample size for inter-reader reliability studies using ICC. Based on their technique, using the thresholds (0.7 for low stability and 0.9 for high stability) chosen in our analysis for four readers, the optimal sample size that minimizes number of observations (number of readers times number of subjects or cases) is 11.1. Therefore, the sample size of 50 used in our study in well above 11.1 to draw conclusions. Also, we had to make minor changes in the computation of some features (e.g., using three-dimensional tumor instead of central tumor slice) in order to make them applicable in our settings.
In the present literature related to inter-reader variability and MR extracted features, several studies [56] [57] [58] [59] have considered MR BI-RADS 56 based features and not radiomics features. Two studies 25, 27 have conducted inter-reader variability of the specific imaging features that they extracted as part of their analyses. A high inter-reader average correlation (PLCC) was obtained for the tumor-and FGT-related feature observed in Ref. [25] based on four readers. A moderate inter-reader stability (using ICC) was observed for the tumorbased feature extracted from T2-weighted MR sequences 27 based on two readers. The intention of our study was to determine the impact of inter-reader variability on extraction of the radiomic features in general. Therefore, we did not consider specific uses of the radiomics features such as prediction of malignancy, distinguishing different types of tumors (e.g., DCIS vs invasive cancer), prognosis of outcomes (e.g., distant recurrence-free survival or response to neoadjuvant therapy), or a determining genomic properties of the tumors (e.g., molecular subtype or the Oncotype DX recurrence score). It is quite likely that different tasks will find different sets of features more or less useful and future studies should carefully investigate the compounding effects of inter-reader variability and predictive values of the features for specific tasks.
Our study had limitations. One limitation in this study is that the robustness of the features in considered in terms of the inter-reader stability values. The individual predictive abilities of the features are not considered in this work and can be done as a future study. However, a feature with high stability value implies that its predictive ability is less affected by inter-reader variability. While we have tried to build a comprehensive set of features describing breast cancer MRI, this set can always be extended and more features can be included as the breast MRI radiomics is constantly expanding. [60] [61] [62] To be comprehensive, we included features of the breast as whole, FGT, and tumors, and considered features that quantify volume, shape, enhancement, and heterogeneity. We included both, features that we proposed in our laboratory and features proposed by other groups. However, not all features used in other studies were incorporated in our work. The primary reason for not including a feature was that a similar feature already existed in our set to limit redundancy of our feature set.
This study focuses on a single common combination of the reader annotation format and the segmentation algorithm. We believe that this common combination is an appropriate choice for this study and allows for better understanding of the relationship between reader variability and radiomics feature stability. However, further studies in which the data is collected from radiologists in a different format (e.g., individual points) and different algorithms are applied (e.g., region growing) would be of benefit to understand how well the relationships found in this study generalize to other methods.
Finally, we calculated and listed inter-reader stability for all 529 features analyzed here (Supporting information). This study can serve as a guide for other researchers who might choose to include only those features in their study that demonstrate a high level of stability or interpret the results of their radiomics or radiogenomics studies in the context of feature stability.
CONCLUSIONS
As assessed by our analysis, inter-reader variability widely affects the stability of radiomics features from breast MRI. Reducing this variability in tumor-based radiomics by appropriate measures is necessary as these features are affected more compared to the FGT-based radiomics, and have found more importance in literature for diagnosis, genomic associations, and prognosis. 
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